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Abstract: The rapid integration of Learning Management Systems (LMS) and Learning Analytics Dashboards
(LAD) into digital education has transformed instructional delivery through scalable and data-driven platforms.
However, these systems often face challenges such as rigid learning pathways, lack of personalization, and
limited adaptability to diverse learner behaviors. To overcome these limitations, this work investigates and
compares popular machine learning and neural network models in the LMS context. Experimental evaluations
reveal that among traditional classifiers, Random Forest (RF) delivers superior performance, while Recurrent
Neural Network (RNN) outperforms other neural models. Building on these findings, an intelligent ensemble
framework is invented that comprises a Customized Random Forest (CRF) enhanced for contextual learning, a
Legacy Recurrent Neural Network (LRNN) refined for temporal pattern recognition, and a Fuzzy Learning
Method Selector (FLMS) that dynamically fuses both models based on fuzzy logic rules. The architecture is
evaluated using key learning analytics parameters such as Accuracy, Precision, Sensitivity, Specificity, and F-
Score to validate its predictive robustness and adaptability. The ensemble consistently outperforms baseline
models including SVM, RF, ANN, and RNN, demonstrating its potential to elevate intelligent and personalized
learning in LMS environments.
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1.

Introduction instructional flows and lack the capability to adjust

. L . dynamically to individual learner behaviors [3].
In recent years, digital transformation in education T ) ) ] }
. . . This rigidity hampers their effectiveness in catering
has propelled the integration of Learning g g | d i |
. to diverse educational needs, especially in large-
Management Systems (LMS) and Learning | o | P ¥ g;l
. . scale or asynchronous learning environments [4].
Analytics Dashboards (LAD) as essential tools for ¥ ] o 8 [ _]
L . . Most conventional predictive models embedded in
managing instruction, tracking learner progress, o o
. . . these systems offer limited personalization and
and enhancing educational delivery [1]. LMS b q | hich |
. . are unable to adapt in real time, which results in
platforms act as centralized hubs that coordinate ] ) P ) i
. . - . suboptimal learning experiences. Addressing these
instructional content, facilitate communication, hall ) q P dicti del
. . challenges requires advanced predictive models
and streamline course management, while LADs & d . P o
. . . . L that are capable of learning from varied input
provide visual interpretations of student activity d adaoti " Wi ds of
atterns and adapting to the evolving needs o
and performance data. As the use of these systems P pting &

continues to grow, so does the demand for learners.

intelligent mechanisms that enable responsive, Artificial intelligence techniques, particularly
learner-specific interventions. Nevertheless, machine learning (ML) [5][6] and neural networks
current LMS and LAD solutions face several critical (NN) [7], have shown strong potential in solving
limitations [2]. They often rely on pre-defined problems related to personalization, learner
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engagement analysis, and outcome prediction
within LMS platforms. These models can analyze
complex patterns in learner interaction data to
uncover hidden trends and enable proactive
academic support. However, selecting the most
suitable algorithm for a given LMS scenario
remains a difficult task due to varying data
characteristics, learner behaviors, and educational
contexts. This necessitates a systematic evaluation
to determine the best-performing models for
robust learning analytics. To address this, a
comparative analysis was undertaken to evaluate
common ML and NN algorithms based on their
performance in educational data environments.
Experimental findings indicated that among
machine learning models, Random Forest (RF) [8]
consistently outperformed others in terms of
reliability and accuracy. Likewise, within the neural
network category, Recurrent Neural Network
(RNN) [9] delivered the most consistent temporal
learning behavior modeling. These insights laid the
groundwork for constructing a specialized
ensemble that integrates the strengths of both
models for improved predictive performance.

Based on these insights, this work introduces a
novel ensemble-based architecture composed of
three core components: a Customized Random
Forest (CRF) that is tailored for capturing
contextual learning cues, a Legacy Recurrent
Neural Network (LRNN) optimized for sequential
pattern analysis, and a Fuzzy Learning Method
Selector (FLMS) that intelligently fuses their
outputs through fuzzy logic-based decision
strategies. The proposed model aims to enhance
adaptability, prediction accuracy, and
personalization in LMS environments [10].
Subsequent sections detail the model design,
experimental setup, evaluation methodology, and

its implications for real-world learning systems.
2. Existing Methods

Recent studies in the domain of Learning
Management Systems (LMS) have explored a
range of advanced machine learning and deep
learning techniques to improve predictive
accuracy and learner modeling. Rather than
relying on traditional classifiers, researchers have
proposed enhanced variants tailored to
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educational data. For instance, Prashanth Kumar
et al. introduced a spectral clustering-based
quadratic SVM [11] that incorporates web usage
mining to predict learner styles with improved
precision and interpretability. Similarly, Duch et al.
developed a Random Forest-based predictive
algorithm [12] that leverages key engagement
attributes from Moodle LMS to accurately forecast
student performance at the program level.
Farhood et al. conducted a comprehensive
comparative study, implementing both classical
and cutting-edge models including XGBoost,
Gradient Boosted Neural Networks (GBNN), and
Feedforward Neural Networks (FFNN) [13],
emphasizing  the role of Lasso-based
dimensionality reduction. In another deep
learning-based study, Kadam et al. proposed a
hybrid CNN-LSTM (RNN) framework [14] to
forecast academic outcomes from Blackboard LMS
activity logs, effectively capturing both spatial and
temporal patterns in student engagement. The
following subsections detail these representative
approaches, highlighting their methodologies,
performance metrics, and relevance to LMS-based
predictive modeling.

2.1. Support Vector Machine (SVM)

In 2024, K.N. Prashanth Kumar et al. introduced
the work titled "Spectral clustering algorithm
based web mining and quadratic support vector
machine for learning style prediction in E-learning
platform" to enhance the accuracy of learning
style  prediction  within  digital learning
environments. The proposed methodology
operates in two main phases: first, a web usage
mining approach extracts meaningful patterns
from learners' log files; second, a novel
combination of spectral clustering and a quadratic
support vector machine (QSVM) is employed to
classify learning styles. The spectral clustering
identifies distinct feature clusters, and the QSVM
is then trained on these to predict specific learning
styles like visual, auditory, and kinesthetic.

The paper details the use of a real-world dataset
obtained from a Brazilian university, accessed
through Kaggle. The dataset includes web activity
logs reflecting student interactions with the e-
learning platform over a four-month period. The
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data preprocessing includes encoding and pattern
analysis of behavior features such as glossary
access, quiz participation, and forum activity. The
spectral clustering is based on graph Laplacians
and eigenvectors, allowing for the discovery of
natural groupings in the data, which are
subsequently used by the QSVM for precise
classification.

Among the major advantages of this method are
its high prediction accuracy (97%), sensitivity
(96.3%), and specificity (96%), which significantly
outperform existing approaches like FSLSM,
BILBCI, FCM, and HF. Moreover, the execution
time is notably reduced, indicating improved
computational efficiency. The QSVM effectively
handles non-linear data, ensures robust
performance even with high-dimensional datasets,
and maintains clear decision boundaries for
different learning styles.

Despite its strengths, the proposed approach's
robustness depends heavily on high-quality, well-
structured data. Potential limitations include
sensitivity to feature selection and the
requirement for careful tuning of
hyperparameters. Additionally, while the method
shows excellent results on a specific dataset,
generalization across diverse educational settings
may require further adaptation and validation.
Regular updates and ethical considerations remain
vital for real-world deployment.

2.2. Random Forest (RF)

In 2024, Dynil Duch et al. introduced "Students'
Performance in Learning Management System: An
Approach to Key Attributes Identification and
Predictive Algorithm Design" to enhance the
understanding and forecasting of student
performance (SP) using data derived from Moodle,
a popular Learning Management System. The
methodology involved a structured literature
review to identify key performance-related
attributes and the development of a predictive
model using data from 160 students enrolled in
various bachelor-level courses at the Cambodia
Academy of Digital Technology (CADT). The study
applied data mining techniques and statistical
analysis, with Random Forest emerging as the
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most effective classifier for predicting student
performance.

The experimental setup involved extracting and
preprocessing  data related to  student
engagement—such as attendance, interaction
logs, quiz submissions, and time spent on course
material—over two academic terms. After feature
selection using the Pearson correlation coefficient,
the researchers compared several classification
algorithms including Decision Trees, Neural
Networks, Naive Bayes, SVMs, and Random
Forests. Random Forest achieved the highest
accuracy at 89.44%. A mathematical formula was
proposed to predict student performance using
weighted coefficients for each attribute,
normalized across their respective ranges.

The major advantages of the proposed approach
lie in its practicality and adaptability to real LMS
environments. The study identified high-impact
attributes such as interaction logs and time spent
on courses, providing actionable insights for
educators. The predictive model facilitates early
identification of at-risk students, enabling timely
pedagogical interventions. Additionally, the
method’s reliance on widely available LMS data
makes it accessible and replicable across
institutions using similar platforms.

Despite the promising results, the study
acknowledges limitations such as a relatively small
dataset and a focus limited to a single institution
and academic program. Broader generalizability
requires further validation across diverse contexts
and larger datasets. The authors propose future
work involving real-time model integration,
expanded datasets from French partner
institutions, and incorporation of explainable Al
tools like LIME or SHAP to enhance interpretability
for educators.

2.3. Feed-Forward Neural Network (FFNN)

In 2024, Muhammed Areeb et al. introduced the
study titled "Evaluating and Enhancing Artificial
Intelligence Models for Predicting Student
Learning Outcomes" to address the challenge of
accurately  predicting  students'  academic
performance using artificial intelligence

techniques. The methodology involved evaluating
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a range of Al and machine learning models,
including Decision Tree, Random Forest, K-Nearest
Neighbors (KNN), and Support Vector Machine
(SVM), against a real-world dataset of high school
students. The study emphasized preprocessing
techniques, such as data normalization and
balancing, and included a comparative analysis of
different algorithms to determine the most
effective model for outcome prediction.

The dataset used in this study was sourced from
UCI Machine Learning Repository and consisted of
student academic records including demographic
information, past grades, and other academic
indicators. Data preprocessing steps were critical
in handling missing values and addressing class
imbalances using Synthetic Minority Over-
sampling Technique (SMOTE). The models were
trained and tested using k-fold cross-validation to
ensure robustness, and performance metrics like
accuracy, precision, recall, and Fl-score were
utilized to compare model effectiveness. Among
the models tested, the Random Forest classifier
achieved the best performance, highlighting its
suitability for educational prediction tasks.

A key advantage of this work is its thorough
evaluation of multiple Al models under consistent
conditions, providing a robust framework for
selecting predictive algorithms based on specific
educational contexts. The application of data
balancing techniques and rigorous validation
methods enhances the reliability of the findings.
Additionally, the study’s comprehensive approach
allows educators and researchers to better
understand the nuances of model selection and
academic

optimization for performance

prediction.

However, the study is constrained by its reliance
on a single dataset, which may limit the
generalizability of the results across different
educational systems or age groups. Moreover, the
absence of explainability mechanisms in the model
outputs may hinder practical implementation by
educators seeking transparent decision-support
tools. Future work is suggested to include multi-
institutional datasets and integrate explainable Al
techniques to enhance trust and applicability in
real-world educational environments.
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2.4. Recurrent Neural Network (RNN)

In 2023, Chaitrali Kadam et al. introduced "A Deep
Learning Model Using CNN & LSTM to Forecast
Student Learning Outcomes in Learning
Management System" to improve prediction
accuracy of student performance based on activity
data from Blackboard, a widely used Learning
Management System. The proposed hybrid deep
learning approach combines Convolutional Neural
Networks (CNN) for feature extraction and Long
Short-Term  Memory (LSTM) networks for
temporal pattern learning. This model leverages
seven key performance indicators (KPIs) per
student across multiple courses and uses time
series analysis to forecast learning outcomes
based on historical interaction data.

The dataset comprises 35,000 student records,
each spanning seven features such as login
frequency, time spent, downloads, assignment
submissions, exam participation, messaging
activity, and course participation. Data
preprocessing included cleaning, normalization,
transformation, and integration. The CNN
component extracted relevant temporal features,
which were then passed through LSTM layers to
model sequential dependencies. The training data
represented 70% of the total, with the remaining
30% used for testing. Model performance was
evaluated using precision, Fl-score, and
comparison  against other deep learning
approaches like standalone CNN, LSTM, and CNN-
RNN combinations.

One of the major strengths of this study is its
integration of CNN and LSTM, which captures both
spatial and temporal patterns in student data,
achieving a high prediction precision of 94.2%
using all seven features. Even with just three
features (total hours spent, logins, and
downloads), the model retained a strong accuracy
of 90.94%. The approach demonstrated superior
performance compared to traditional models and
provided practical insights into student behavior,
enabling early identification of learning issues and
aiding in strategic educational planning.

Despite its effectiveness, the model s
computationally intensive and requires significant
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training time due to the complexity of the CNN-
LSTM architecture. Additionally, its reliance on a
specific LMS (Blackboard) and limited feature set
may restrict its generalizability across different
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platforms or educational settings. Future work
could focus on optimizing model efficiency and
exploring lightweight alternatives while expanding
feature diversity for broader applicability.

A summary about these existing methods, methodologies used, advantages and their limitations are

enumerated in Table 1.

Author Name | Work Methodology Advantages Limitations
. . Sensitive to data
Spectral Clustering Algorithm Based it
uality,
K.N. Prashanth | Web Mining and QSVM for Learning . . . y
o . . Quadratic SVM High accuracy hyperparameter
Kumar et al. Style Prediction in E-learning .
tuning
Platform
dependency
Students' Performance in LMS: An o
. . Limited dataset
Dynil Duch et | Approach to Key Attributes . .
. o Random Forest, High accuracy and institutional
al. Identification and Predictive
. . scope
Algorithm Design
. . Good
Evaluating and Enhancing Al L
Muhammed o performance Limited to one
Models for Predicting Student | FFNN .
Areeb et al. ) with  Random | dataset
Learning Outcomes
Forest
) . CNN for feature High
o A Deep Learning Model Using CNN . . . .
Chaitrali extraction + | High prediction | computational
& LSTM to Forecast Student
Kadam et al. . . LSTM (RNN | accuracy cost, longer
Learning Outcomes in LMS o .
Model) training time,

Table 1: Existing Methods Summary

3.
Background

Foundational machine learning methods such as
Support Vector Machines (SVM) and Random
Forests (RF) are widely used for classification tasks
within educational data, offering robustness and
interpretability across various types of learner
neural  network

activity  logs.  Similarly,

architectures, particularly Feedforward Neural
Networks (FFNN) and Recurrent Neural Networks
(RNN), are employed to capture complex patterns
and temporal dependencies in sequential student
behavior. While the practical applications and
performance of these methods are discussed in
detail under the Existing Methods section, this

section focuses specifically on the fuzzy logic.

Fuzzy logic is a computational approach designed
to handle uncertainty, imprecision, and gradations
of truth. Unlike traditional Boolean logic, which
restricts values to binary states (0 or 1), fuzzy logic
allows truth values to lie anywhere between 0 and
1, enabling a more nuanced representation of
information [15]. This is particularly advantageous
in  scenarios

involving human reasoning or

behavioral interpretation, such as analyzing
within an LMS,

boundaries between categories like "active" or

learning behaviors where
"inactive" are often not clearly defined. At the
heart of fuzzy logic systems are key components
such as fuzzy sets, membership functions,
linguistic descriptors, rule bases, and a fuzzy
inference mechanism [16]. Fuzzy sets are used to

represent vague or qualitative concepts—such as
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“moderate participation” or “frequent access” —by
assigning a degree of membership to each
element. These degrees are defined through
membership functions, which may take various
forms such as triangular, trapezoidal, or bell-
shaped curves. Linguistic variables express input or
output terms in human-understandable language,
which are then translated into numeric values via
these functions.

The decision-making process is driven by a set of
IF-THEN rules [17], typically crafted using domain
expertise. For example, a rule might state: “IF
course interaction is high AND assessment scores
are low, THEN attention level is inconsistent.”
These rules are evaluated using a fuzzy inference
architecture is illustrated in Figure 1.
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engine, which determines the extent to which
each rule is activated based on the given inputs.
The results of the activated rules are combined
and converted into a definitive output through a
process called defuzzification, which vyields a
specific numerical value or class label. Fuzzy logic’s
strength lies in its ability to incorporate
approximate reasoning and handle ambiguity
qualities that are particularly well-suited for
modeling learner behaviors and adaptive systems
[18]. Its reliance on expert knowledge rather than
extensive labeled datasets makes it a practical and
interpretable choice for decision support systems
in educational platforms. A typical fuzzy logic
decision making system

Fuzzifier

Inference
Engine

Defuzzifier

Figure 1: Fuzzy Logic decision making system

%
Proposed Method

This work presents a modular ensemble

framework comprising three integrated
components: Customized Random Forest (CRF),
Legacy Recurrent Neural Network (LRNN), and a
Fuzzy Learning Method Selector (FLMS). CRF is
optimized for high interpretability and robust
classification of static learner features, while LRNN
model’s sequential behavior in learning activities.
FLMS employs fuzzy logic to adaptively select or
combine outputs from CRF and LRNN based on
input characteristics. This design enhances
predictive accuracy and reliability in LMS-based
student performance analysis. This section
explains the functionalities of the proposed

modules sequentially in detail.

4.1. Customized Random Forest (CRF)

The Customized Random Forest (CRF) module is
designed to operate effectively across multiple
educational datasets collected from diverse LMS
environments. Unlike standard Random Forests,
which treat all data uniformly, CRF incorporates
dataset-aware adaptations, allowing it to
generalize across varying student populations,
course structures, and activity patterns. This
capability is achieved through selective feature
normalization, adaptive impurity tuning, and
aggregated decision-making across dataset
partitions. Let 4 be the set of datasets 61,9, - 8,
defined as follows.

A={8,6,6,}

Equation (1)

where n is the number of input datasets.
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Let E(6X) is the feature vector of student 7 from
dataset d,, which is defined by following equation.

(6x) _ [£(6x) £(6x) (6x)
F; _[i1x’f;2x""ﬁmx
Equation (2)

Equation 3 refers the multi-source data structure
4,, as below

A, = {(E(sx)’f;(éx))}j_l

Equation (3)

where ﬁ(5X) € (0,1) represents the outcome of
the learning

Let E; be the engagement score index computed

as

Z" ©62)
) 1Engagement.S'cm’e j x
i=

E}.:

n

Equation (4)
The average correlation coefficient ¢ between
feature f; and the target variable ﬁ throughout 4
is computed as

n ~
;- Zl-:lc"”(ff(m‘fi(m)

n

Equation (5)

Each feature receives a weight by evaluating its
statistical relevance and consistency across
datasets, as shown in the following equation

w=a-E+p-G

Equation (6)

where a and f are the tunable weight coefficients
of E and C respectively provided with a
restriction such that « + = 1. In specific, a is the
weight assigned to the engagement score
component E] which reflects domain-based or
expert-defined relevance of feature f; to student
interaction or LMS engagement, similarly, § is the
weight assigned to the correlation score

component C; which reflects the average

J
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statistical association between feature }j and the

learning outcome across datasets.

In the Customized Random Forest (CRF) model, a
large number of features are extracted from
multiple LMS datasets. To ensure only the most
relevant and consistent features are used, a
feature selection process is applied based on the
computed importance score w;, which combines
the average engagement score E} and the average
correlation score C_'] This approach accounts for
both domain-specific relevance and statistical
association with the learning outcome. After
computing w; for each feature, a top-k selection
strategy is applied by ranking the features and
retaining only the top k with the highest scores.
These features are selected for their strong and
consistent performance across datasets. This
process reduces noise, improves generalization
across diverse LMS sources, and lowers training
complexity. It ensures the model uses features
with high educational significance and predictive
reliability, supporting more efficient and
meaningful decision-making.

Let p§5X)be the proportion of class ¢ in node S of

dataset §,, and ng‘g") be the weight to tune the
class imbalance within §,, then the dataset-
sensitive impurity function G@(S) is defined by
following equation (7)

ne
GO =) " -l (1-p?)
c=1

Equation (7)

Different LMS datasets may have varying
distributions of learning outcomes, such as
imbalanced pass/fail ratios. By tuning the impurity
function given in equation 7 with class-specific
weights, the model adjusts to each dataset's
outcome distribution, leading to more balanced
and representative decision splits.

Since CRF module is designed in a way to handle
more than one dataset, it is essential to build B,
trees for every dataset §, which causes sub-
forests represented by following equation
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8 [ [}
LIJ((SX) — {lp( x) 1/J( X) lp( X)}

Equation (8)

The cumulative CRF ensemble is constructed by
equation 9.

l]’ = U;le W(5x)

Equation (9)

Let X'be the new input, the CRF prediction is
carried out by voting across all dataset-specific
trees as

y = arg max E Z (H")(X)
ce{Ol}

Equation (10)

where pc(b'§X)(X') is the class probability of class ¢

from tree Y °*)

This multi-dataset CRF design ensures the model
learns generalizable patterns from heterogeneous
student groups while maintaining sensitivity to
dataset-specific traits. Such flexibility supports
broader LMS deployments across institutions or
departments with varying learner behaviors.

4.2. Legacy RNN (LRNN)

The LRNN module is designed to capture the
temporal dynamics inherent in  student
interactions within LMS platforms. Unlike static
classifiers, LRNN  models time-dependent
sequences such as login patterns, activity intervals,
and progression through learning tasks. This
temporal modeling is crucial in educational
settings where student behavior evolves over time
and recent actions may carry more significance
than older ones. Let 8, € R™ be the feature vector
at timestamp t and 7 is the number of sequential
events such as activity logs that includes
assessment submissions, and g be the number of
behavior-tracking features, then the sequential
modeling is defined by the following equation.
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9(6X) (64,6, ...6.]

Equation (11)

in which Each 6, encodes interaction-level
attributes like session duration, quiz outcome,
resource type, and time since the last activity.

For recurrent state computation, let 7, € R* be
the hidden state at timestamp t, U € R"*" and
V € R"*4 are the weight matrices, b € R" be the
bias vector, and ¢ is the non-linear ReLU activation
function, the hidden state vector 7, is computed
by equation 12.

e =0 Ny +V-60,+Db)

Equation (12)

Similarly, the prediction layer equation for
aggregated hidden state 7, is passed to the output
layer as

Y, = softmax(W, - n, + c)

Equation (13)

where W, is the output weight matrix € RZ*h ¢ s
the output bias € R?, and §, is the predicted
probability distribution.

One Time-decay optimization is engineered in
LRNN module to incorporate time irregularity
between events, by introducing a decay factor as
by equation 14.

ntZO'(U‘T)t_l‘(E’_Kt+V'9t+b)

Equation (14)

where k; refers the time elapsed between
(t — D" and tt" learning events.

Architecture of the Legacy Recurrent Neural
Network (LRNN) module used for sequential
modeling of LMS-based learner behavior is given in
Figure 2. Each input vector 8, is processed over
time to generate hidden states 7, culminating in a
predictive output.
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Legacy Recurrent Neural
Network (LRNN)

l

LMS Data

l

Sequential Input

A

—

4

— @

Prediction

Figure 2: LRNN Architecture

The exponential decay e “tdiminishes the
influence of older hidden states when significant
time has passed between interactions. This time-
aware adjustment allows LRNN to prioritize recent
learner behavior, improving temporal sensitivity in

outcome prediction.
4.3. Fuzzy Learning Method Selector (FLMS)

The FLMS is a decision-support layer designed to

adaptively combine from the
Customized Random Forest (CRF) and Legacy

Recurrent Neural Network (LRNN) modules. Unlike

predictions

traditional static voting or rule-based ensemble
mechanisms, FLMS uses fuzzy logic to model
imprecision and apply context-aware decision
fusion. It evaluates model-specific characteristics
such as confidence, temporal reliability, and input
integrity to determine the optimal contribution
from each base learner.

Let w; be the CRF confidence score which is
defined by the softmax probability of the
predicted class from CRF module, then w; be the
LRNN temporal stability which is computed as the
inverse of prediction variance across timestamps

in the output of LRNN computed by equation 15
given below.

w, = War(@F3i_) + )¢

Equation (15)
where € is a small constant added here to avoid
‘divide by zero’ state
The input feature completeness index wp is
determined as

Number of valid features
Wp =

Total number of feaures

Equation (16)

These w¢,w;, and wp are used as the
deterministically computed metrics, thus the FLMS

input parameter (2 is defined by equation 17.

N = {wc,(A)L,wF}

Equation (17)

scalar
w; = scalar(Vw¢, wy, wr) € [0,1].

where the quantification
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4.3.1. Fuzzification

Each crisp input w; is mapped to a corresponding
fuzzy set using a membership function y; (wj),
which represents degrees of truth across
predefined linguistic categories. The linguistic
labels for all input variables are set as
{LOW MEDIUM,HIGH}. A standard triangular
membership function is used for all three inputs,
defined as in equations 18, 19, and 20.

L w=g

bj—w;j
Low — J J . . .
wio" (ay) = ba,’ %S <b

Equation (18)
(@j—4)
 bj=q

MEDIUM _ Jei—w;
K (%)‘4] Lo b <o < g
| ¢j=bj

kO, Otherwise

,aj<wj<bj

Equation (19)

(l)j_b]'

' (wy) = b <w<g

Cj—bj J

1, w;

)j 2 G

Equation (20)
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and c¢; are domain calibration

where a;, b ]

g Y
parameters Vw;

4.3.2. Fuzzy Rule Base and Inference

The fuzzy inference system operates based on a
structured rule base consisting of expert-defined
IF-THEN statements that govern how input
conditions influence the decision fusion process.
Each rule evaluates the fuzzy-linguistic values of
the input parameters—CRF confidence, LRNN
stability, and feature completeness—and produces
a decision output indicating whether to favor CRF,
LRNN, or apply balanced fusion. The firing strength
of each rule is calculated using fuzzy logic
operators, such as the minimum or product of
membership values. These strengths are then
aggregated using the Mamdani inference
mechanism to form a unified fuzzy output. The
complete set of rules is defined in Table 2, which
specifies  the linguistic  conditions and
corresponding ensemble decisions under various
input scenarios.

Rule No. | CRF Confidence (w.) | LRNN Stability (w;) | Feature Completeness (wg) | Output Decision
R1 High Low High Prefer CRF

R2 Low High High Prefer LRNN

R3 Medium Medium High Balanced Fusion
R4 High High Medium Balanced Fusion
R5 High Medium Low Prefer CRF

R6 Medium High Medium Prefer LRNN

R7 Low Low High Balanced Fusion
R8 Low Medium Low Prefer LRNN

R9 Medium Low Medium Prefer CRF

R10 Medium Medium Low Balanced Fusion

Table 2: FLMS Fuzzy Rule Table
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.3. Defuzzification

Following the fuzzy inference process, the FLMS
module produces a fuzzy output representing the
system’s decision regarding the contribution levels
of the CRF and LRNN models. To translate this
fuzzy output into actionable model weights, a
defuzzification process is applied. This step
converts the aggregated fuzzy values into crisp
numerical weights that determine how much
influence each model will have in the final
prediction. Let Acgr and A gyy refer the respective
contribution weights assigned to the predictions of
the CRF and LRNN modules. These weights are
derived using centroid-based defuzzification,
which calculates the center of gravity of the
combined output membership functions. The
resulting weights satisfy the conditions Acpp +
Aigwy =1,  and  Acpp,Apgwny € [0,1]. This
constraint ensures that the total contribution is
normalized, preserving probabilistic interpretation
and ensemble consistency.

Once the weights are obtained, the final ensemble
prediction, ¥ is calculated as the weight average of
the individual model outputs as in the following
equation.

Y = Ycrr - Verr + Yirnn - Virnn

Equation (21)

where Vcpr is the predicted probability or class
score generated by the Customized Random
Forest model, and J,pyny is the corresponding
prediction from the Legacy Recurrent Neural
Network.

This approach enables the FLMS module to
dynamically adjust the influence of each model
based on the characteristics of the input and the
quality of the predictions, thereby enhancing both
the interpretability and accuracy of the final
decision. By this way, proposed FLMS nodule
introduces a decision logic layer that accounts for
data quality and prediction context, enabling
adaptive fusion of CRF and LRNN outputs. It allows
the ensemble to intelligently prioritize static or
temporal learners depending on scenario-specific
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cues, providing interpretable and flexible behavior
suitable for real-time educational interventions.

As the integration of CRF, LRNN, and FLMS
modules is used to leverage static, temporal, and
contextual cues for adaptive student performance
prediction. This coordinated design enhances
decision accuracy, interpretability, and
responsiveness  within  LMS-based learning

analytics systems.
5. Experimental Setup

The experimental framework was implemented
using C++ 23.0 [19] in the Microsoft Visual Studio
integrated  development environment [20],
targeting native performance and low-level control
for model integration. The application was
compiled using the Advanced C Runtime Library
version 24.0, [21] ensuring compatibility with
modern C++ standards and efficient memory
handling. A dedicated graphical user interface
(GUI) was developed using the Microsoft
Foundation Class (MFC) library [22] to enable
interactive visualization of prediction results and
system components. Experiments were executed
on a system configured with an Intel Core i7
processor, 16 GB of RAM, and a 1 TB NVMe M.2
SSD, which provided sufficient computational
capacity for dataset preprocessing, model training,
and real-time inference. The learning behavior
dataset used in this study was obtained from the
EDNet repository (https://github.com/riiid/ednet),
which contains over 100 million interaction
records collected from more than 700,000
learners. The dataset includes time-stamped
records of student activity such as question IDs,
response correctness, and elapsed time, making it
well-suited for both static and sequential learning
analytics.

6. Result and Analysis

The experimental findings and analytical
observations are derived from the implementation
of the proposed model, with the dataset
partitioned using a 70:30 ratio for training and
testing to ensure a balanced evaluation of model
generalization. The system’s performance is
assessed using standard evaluation metrics
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including  Accuracy, Precision, Sensitivity,

Specificity, and F-Score. A comparative analysis is
performed  against  conventional baseline
highlight

reliability

techniques to improvements in

classification and  computational

efficiency. Additionally, the influence of the fuzzy
learning selector on ensemble behavior s
examined under varying parameter conditions.
The

robustness of the proposed method in meeting

results validate the effectiveness and

the research objectives.
6.1. Accuracy

Accuracy in an LMS refers to the system’s ability to
correctly predict or classify outcomes—such as
student performance levels, course engagement,
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or learning behavior—based on historical or real-
time data. High accuracy ensures that the insights
or alerts generated by the LMS are reliable and
actionable. For instance, in adaptive learning
environments, accurate predictions help tailor
individual learners, enhancing

content to

personalization and effectiveness. In analytics
dashboards,
identifying at-risk students, thereby enabling
An LMS with high

classification accuracy ultimately supports better

accuracy contributes to correctly

timely interventions.
decision-making for educators and administrators,

leading to improved learning outcomes and
resource optimization. Measured Accuracy values
during the training and testing phases are

enumerated in Table 3 and 4 respectively.

Training Accuracy (%)

Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
7 12.841815 | 13.61612 | 12.1787 | 13.3765 | 13.299947
14 53.576397 | 62.04633 | 51.5985 | 53.05694 | 64.264038
21 66.504379 | 73.31749 | 64.06519 | 65.68738 | 75.274887
28 74.576378 | 80.06258 | 71.8464 | 73.54036 | 81.673912
35 80.29641 | 84.71939 | 77.43975 | 79.11907 | 86.1772
42 84.81855 | 88.28537 | 81.77684 | 83.47919 | 89.558662
49 88.491486 | 91.12558 | 85.27843 | 87.05222 | 92.280861
56 91.55732 | 93.47128 | 88.28753 | 90.04807 | 94.511124
63 94.246857 | 95.5236 | 90.81438 | 92.64238 | 96.432167
70 96.511093 | 97.2834 | 93.0584 | 94.8857 | 98.16259

Table 3: Training Accuracy

The training accuracy trends clearly demonstrate
the progressive improvement of all methods with
Among them, the
proposed ECRLRFLMS model consistently exhibits
superior accuracy across all data sizes. Notably, at

increasing data volume.

the full training scale (70 units), it achieves
98.16%, surpassing traditional and ensemble-
based approaches such as RFSPM (97.28%) and
CLSLO (94.88%). Even at intermediate data levels

(e.g., 35 and 49 units), ECRLRFLMS maintains a

distinct edge, its robust learning
capability and efficient generalization. While
existing models like SCQSVM, RFSPM, and EASO

contribute valuable performance baselines, the

reflecting

proposed method leverages its hybrid architecture
and fuzzy selector to deliver enhanced predictive
precision in the LMS context.

Testing Accuracy (%)

Data | SCQSVM RFSPM

EASO

CLSLoO ECRLRFLMS
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3 95.80098 96.48379 | 92.52142 | 94.09775 | 97.633408
6 95.60643 96.43515 | 92.76462 | 94.36818 | 97.48555
9 95.791252 | 96.54994 | 92.84439 | 94.18531 | 97.405785
12 95.178406 | 96.90402 | 91.90469 | 94.24173 | 97.462204
15 95.551956 | 96.23476 | 92.43777 | 93.92461 | 97.489441
18 95.867126 | 96.20752 | 91.85022 | 93.97714 | 97.259872
21 95.764015 | 97.12582 | 92.51949 | 93.90514 | 97.520569
24 96.19397 96.64721 | 92.57396 | 93.72421 | 97.726791
27 95.509155 | 96.67445 | 92.30547 | 94.16585 | 97.442749
30 95.551956 | 96.41375 | 92.18485 | 94.40904 | 97.540031

Table 4: Testing Accuracy
The testing accuracy results reaffirm the stability the proposed ensemble. The consistent

and generalization strength of all evaluated
models across varying data points. The proposed
ECRLRFLMS consistently achieves the highest
accuracy, reaching 97.73% at 24 data units and
maintaining values above 97.25% throughout the
entire testing range. In comparison, strong
performers like RFSPM and CLSLO demonstrate
competitive accuracy that is peaking at 97.13%

and 94.41%, respectively—yet slightly trail behind

performance of ECRLRFLMS, even on smaller
datasets, highlights its capacity to generalize
effectively, owing to its hybrid learning structure
and adaptive fuzzy logic integration. These results
underscore its potential as a reliable and high-
LMS-based predictive

A comparison graph for

precision approach in

systems. Accuracy
parameter during the testing phase is provided in

Figure 3.

Graph: [Testing] Accuracy (%)
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Figure 3: Testing Accuracy
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Precision reduces the likelihood of  unnecessary

. . interventions, optimizes resource allocation, and
In a Learning Management System, Precision o ) )
. . maintains user confidence in the system's
measures the proportion of correctly predicted o - i
e . . predictions. Therefore, precision plays a vital role
positive instances among all instances classified as ) ) T ]
. . . . in ensuring the reliability and effectiveness of
positive. It is particularly important when the cost . ) o )
- S . . intelligent features within the LMS environment.
of false positives is high. High precision ensures o )
, . Measured precision parameters values during the
that the system’s alerts, recommendations, or o g ) o ] - Table & and
o . training and testin ase are given in Table 5 an
classifications are trustworthy and relevant. This & Ep g

6 in order.
Training Precision (%)
Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
7 13.02219 | 13.4073 | 12.1319 | 13.3765 | 12.863795

14 54.102802 | 61.39391 | 51.08611 | 53.07519 | 63.986546

21 67.18737 | 72.99297 | 63.41554 | 65.65818 | 75.214767

28 75.380798 | 79.97171 | 71.09023 | 73.52941 | 81.723175

35 81.111855 | 84.80966 | 76.66127 | 79.10812 | 86.279045

42 85.64653 | 88.49845 | 80.93243 | 83.44269 | 89.760399

49 89.403862 | 91.39902 | 84.40683 | 87.01572 | 92.544868

56 92.529968 | 93.83279 | 87.36984 | 90.00063 | 94.836189

63 95.217056 | 96.01579 | 89.82994 | 92.65698 | 96.801048

70 97.501099 | 97.85299 | 92.07299 | 94.86379 | 98.552193

Table 5: Training Precision

Testing Precision (%)

Data | SCQSVM RFSPM EASO CLsLo ECRLRFLMS
3 96.10421 | 97.38606 | 91.29867 | 93.54472 | 98.357643
6 96.407715 | 96.70124 | 91.56715 | 94.32294 | 97.509392
9 96.380478 | 96.61953 | 91.83953 | 94.67703 | 97.925735

12 96.154793 | 97.43665 | 90.78894 | 93.68481 | 97.941299

15 96.279312 | 96.89968 | 91.78894 | 93.47469 | 97.552193

18 96.528336 | 96.90357 | 91.05743 | 93.78597 | 97.688377

21 97.18203 | 97.63509 | 91.60217 | 93.67313 | 98.544411

24 97.224831 | 97.05532 | 91.10412 | 93.57585 | 98.244797

27 96.438843 | 97.55727 | 91.64108 | 94.47469 | 98.030792

30 96.073082 | 97.28101 | 91.22474 | 94.12061 | 97.532738

Table 6: Testing Precision
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The training precision results further underscore
the effectiveness of the proposed ECRLRFLMS
data ECRLRFLMS
maintains consistently higher precision values,

model. Across all levels,
culminating in 98.55% at the largest training size
(70 units). This indicates a strong ability to
minimize false positives, which is critical in LMS
scenarios where incorrect alerts or
misclassifications may disrupt learning strategies.
While models RFSPM and CLSLO
demonstrate commendable precision—reaching
up to 97.85% and 94.86%,

proposed approach consistently exhibits improved

such as

respectively—the

selectivity in positive classifications. These gains
reflect the synergistic effect of the customized
ensemble structure and the fuzzy selector in
refining decision boundaries, thereby enhancing
the precision of learning outcome predictions.

The testing precision outcomes clearly illustrate
the reliability of the proposed ECRLRFLMS model
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in accurately identifying true positives while
testing
intervals, ECRLRFLMS consistently achieves the
highest precision, peaking at 98.54% for 21 data

units and maintaining values above 97.50%

minimizing false alarms. Across all

throughout. In comparison, established models
RFSPM and CLSLO provide strong
performance, reaching up to 97.63% and 94.67%
respectively. However, they remain slightly behind
the precision demonstrated by ECRLRFLMS. This
consistent superiority in precision highlights the

such as

model's capability to provide highly trustworthy
predictions, which is especially valuable in LMS
applications where accurate intervention decisions
are crucial. The fusion of the customized ensemble
with fuzzy logic appears to enhance the model's
discriminatory power, leading to fewer false
positive identifications in predictive analytics. The
testing phase Precision scores are plotted as graph

in Figure 4 for ease of comparison.
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Figure 4: Precision

6.3. Sensitivity

Sensitivity, also referred to as recall, represents a
model's effectiveness in identifying all relevant
positive instances. In the context of a Learning
Management System, sensitivity plays a critical
role in detecting students who require attention or
support based on their learning behavior and

performance. High sensitivity ensures that the
system captures the majority of true positive
cases, thereby minimizing the risk of overlooking
need. This
important when the goal is to provide early
A
model with strong sensitivity contributes to the

students in metric is especially

interventions and personalized assistance.
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development of a more inclusive and responsive
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Sensitivity values during the training and testing

educational environment by ensuring that phases are given in Table 7 and 8 in sequence.

important signals are not missed. Metered
Training Sensitivity (%)
Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
7 12.975381 | 13.46353 | 12.14327 | 13.3765 | 12.976995
14 53.539146 | 62.2056 | 51.61506 | 53.05582 | 64.343636
21 66.281967 | 73.46981 | 64.25034 | 65.69654 | 75.305313
28 74.187241 | 80.11732 | 72.18185 | 73.54552 | 81.642738
35 79.810242 | 84.65682 | 77.87373 | 79.12545 | 86.103653
42 84.251366 | 88.12291 | 82.32272 | 83.50364 | 89.399696
49 87.801689 | 90.90189 | 85.90432 | 87.07928 | 92.058792
56 90.764328 | 93.15923 | 89.00339 | 90.08611 | 94.22361
63 93.404625 | 95.07985 | 91.6341 | 92.62993 | 96.092117
70 95.608055 | 96.75082 | 93.92404 | 94.90536 | 97.790215

Table 7: Training Sensitivity

Testing Sensitivity (%)
Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
3 95.524887 | 95.65984 | 93.58736 | 94.59095 | 96.953308
6 94.887085 | 96.18934 | 93.81393 | 94.40837 | 97.462914
9 95.257912 | 96.48524 | 93.72309 | 93.75501 | 96.917885
12 94.31308 | 96.40964 | 92.86114 | 94.74006 | 97.011742
15 94.898811 | 95.62798 | 92.99571 | 94.32344 | 97.429916
18 95.268486 | 95.57311 | 92.52448 | 94.14592 | 96.858284
21 94.50193 | 96.65065 | 93.31413 | 94.10983 | 96.567024
24 95.260826 | 96.26955 | 93.8634 | 93.85434 | 97.237411
27 94.678406 | 95.86464 | 92.87519 | 93.89472 | 96.891266
30 95.082077 | 95.62242 | 93.01075 | 94.66671 | 97.546959

Table 8: Testing Sensitivity

The training sensitivity results indicate steady
improvement across all methods as the dataset
size increases. Traditional classifiers such as
SCQSVM and EASO demonstrate foundational
performance, starting with sensitivity values
around 12% to 13% for data and
progressing to approximately 95.60% and 93.92%,

minimal

respectively, at full scale. Ensemble-based models
like RFSPM and CLSLO show notable gains,
reaching up to 96.75% and 94.90%, reflecting their
enhanced ability to capture relevant patterns. The
ECRLRFLMS,
outperforms these baselines, culminating in a
sensitivity of 97.79% at the highest data level.

proposed method, consistently
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Even at intermediate data points, such as 35 and
49 units, the proposed model achieves 86.10% and
92.05%
margin of improvement. This superior sensitivity

respectively, maintaining a consistent
highlights its effectiveness in accurately identifying
true positives, a critical requirement in LMS
applications where timely recognition of key
learner behaviors is essential. While all models
contribute positively to performance
the hybrid

adaptive fuzzy selector of the proposed method

benchmarking, architecture and
offer a refined mechanism for minimizing false
negatives and supporting responsive educational

insights.

The testing sensitivity values reflect consistently
strong performance across all evaluated models,
with noticeable improvements as data volume
increases. Traditional approaches such as SCQSVM
and EASO demonstrate stable sensitivity levels,
ranging between 92.52% and 95.52% across the
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testing range. Ensemble models like RFSPM and
CLSLO further improve sensitivity, reaching up to
96.65% and 94.74%, respectively, showing reliable
detection of true positive cases. The proposed
ECRLRFLMS method consistently outperforms the
other models, achieving the highest sensitivity
values in nearly all test cases. It reaches a peak of
97.54% at the 30-unit mark and maintains values
above 96.56% even at lower data levels. This
the
capability in capturing positive instances without

performance reflects model’s  superior
overlooking critical cases. Such high sensitivity is
particularly valuable in LMS-based predictive
systems, where missing early warning signals can
delay essential interventions. While all methods
contribute positively to performance evaluation,
the proposed approach demonstrates a clear
advantage in minimizing false negatives and
The

testing phase Sensitivity comparison graph

ensuring accurate learner identification.
is

provided in Figure 5.
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Figure 5: Testing Sensitivity

. Specificity

Specificity measures the ability of a model to
correctly identify negative instances, that is, those
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cases that do not belong to the target class. In the
context of a Learning Management System, high
specificity ensures that learners who are
performing well or do not require intervention are
not mistakenly flagged for support. This reduces
the number of false positives, which is crucial for
maintaining the efficiency and credibility of the
system. Accurate exclusion of non-critical cases
allows educators and administrators to focus their
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efforts and resources on students who genuinely
need attention. Therefore, high specificity
contributes to precise decision-making and
prevents unnecessary actions, making it an
essential metric for maintaining the reliability and
effectiveness of predictive analytics in LMS
environments. The specificity scores during the
training and testing phase are enumerated in
Table 9 and 10 respectively.

Training Specificity (%)

Data | SCQSVM RFSPM EASO CLSLo ECRLRFLMS

7 12.707278 | 13.76745 | 12.21407 | 13.3765 | 13.617311

14 53.614456 | 61.89117 | 51.58229 | 53.05806 | 64.185318

21 66.732941 | 73.16713 | 63.88478 | 65.67822 | 75.244537

28 74.978241 | 80.00804 | 71.52093 | 73.5352 | 81.705147

35 80.798706 | 84.78219 | 77.01907 | 79.11269 | 86.251038

42 85.404846 | 88.44923 | 81.24911 | 83.45477 | 89.718918

49 89.206917 | 91.35172 | 84.674 87.02519 | 92.505295

56 92.381767 | 93.78787 | 87.59748 | 90.01011 | 94.802399

63 95.122406 | 95.97617 | 90.02631 | 92.65483 | 96.777275

70 97.450623 | 97.82826 | 92.2262 | 94.86604 | 98.540825

Table 9: Training Specificity

Testing Specificity (%)

Data | SCQSVM RFSPM EASO CLSLo ECRLRFLMS
3 96.080437 | 97.33803 | 91.50638 | 93.61534 | 98.333504
6 96.349213 | 96.68359 | 91.76439 | 94.32807 | 97.508202
9 96.337311 | 96.61482 | 92.0003 | 94.62415 | 97.903938

12 96.078209 | 97.40904 | 90.99 93.75437 | 97.921387

15 96.224388 | 96.8579 | 91.89413 | 93.53288 | 97.549118

18 96.481812 | 96.85986 | 91.19701 | 93.80964 | 97.668396

21 97.099777 | 97.61076 | 91.75346 | 93.70235 | 98.513985

24 97.166412 | 97.03109 | 91.35816 | 93.59486 | 98.226425

27 96.371368 | 97.51336 | 91.7507 | 94.44035 | 98.007355

30 96.031723 | 97.23301 | 91.39007 | 94.15433 | 97.533096

Table 10: Testing Specificity
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The
consistent growth across all models as the volume

training specificity values demonstrate
of training data increases. Traditional models such
as SCQSVM and EASO begin with specificity around
12% to 13% at the lowest data levels and improve
steadily to 97.45% and 92.22% respectively by the
highest data point. Ensemble-based methods like
RFSPM and CLSLO show enhanced performance,
reaching up to 97.82% and 94.86%, reflecting their
strength in reducing false positive classifications.
The proposed method, ECRLRFLMS, achieves the
highest specificity throughout the training phases,
culminating in 98.54% at the 70-unit level. Even at
intermediate data sizes, such as 35 and 49 units, it
86.25% and 92.50%,
effectiveness in correctly identifying non-critical

records indicating its
cases. This consistent performance highlights the
model’s capacity to avoid unnecessary alerts, a
crucial requirement in LMS settings where efficient
on accurate

While each

method demonstrates meaningful contributions to

resource allocation depends

identification of true negatives.

performance progression, the proposed approach
stands out for its refined filtering ability, leading to
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The testing specificity results demonstrate reliable
performance across all models, with notable
improvements as the test data scales. Traditional
classifiers such as SCQSVM and EASO show
consistent outcomes, ranging from 91.39% to
96.48% across different data sizes. Ensemble
methods like RFSPM and CLSLO further enhance
specificity, reaching up to 97.61% and 94.62%
respectively, indicating reduced rates of false
positive predictions. The proposed method,
ECRLRFLMS, consistently achieves the highest
specificity, peaking at 98.51% and maintaining
values above 97.50% throughout the testing
range. This performance reflects its strong ability
to correctly identify true negatives, which is crucial
in LMS applications where the system must avoid
misclassifying well-performing students as at risk.
The high specificity contributes to the overall
precision of decision-making processes, ensuring
that interventions are accurately targeted. While
the
robustness of the system, the proposed model

all evaluated methods contribute to

offers a distinctive advantage by achieving a

balanced trade-off between sensitivity and

more focused and reliable learner support specificity. The testing specificity comparison
decisions. graph is provided in Figure 6.
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F-Score

The F-Score, also known as the F1-Score, is a
comprehensive performance metric that combines
Precision and Sensitivity (Recall) into a single
value. It is particularly useful when a balance
between false positives and false negatives is
required, which is often the case in intelligent
LMS. In  such
misclassification can lead to

systems, both types of
undesirable
outcomes. For example, falsely identifying a well-
performing student as at risk may lead to
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opportunities for timely support. The F-Score is
Precision X Sensitivity

defined mathematically 2 X — ——
Precision +Sensitivity

This harmonic mean ensures that a model must
perform well on both Precision and Sensitivity to
accomplish a higher F-Score. In LMS environments,
where predictive models are often used to guide
learning interventions, content recommendations,
or early warnings, the F-Score helps in assessing
the overall reliability and effectiveness of these
intelligent systems. The training and testing phase
F-Score values are listed in Table 11 and provided

unnecessary interventions, while failing to detect a 12 in order.

struggling learner may result in  missed
Training F-Score (%)
Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
7 12.998743 | 13.43536 | 12.13758 | 13.3765 12.920147
14 53.819496 | 61.79709 | 51.34922 | 53.0655 64.164604
21 66.731598 | 73.23061 | 63.83021 | 65.67736 | 75.26001
28 74.779259 | 80.04444 | 71.63188 | 73.53746 | 81.682938
35 80.455788 | 84.73317 | 77.26275 | 79.11678 | 86.191254
42 84.943214 | 88.31028 | 81.62165 | 83.47315 | 89.579681
49 88.595535 | 91.14978 | 85.14899 | 87.04749 | 92.301193
56 91.638649 | 93.49479 | 88.17905 | 90.04334 | 94.528915
63 94.302139 | 95.54553 | 90.72305 | 92.64345 | 96.445282
70 96.545296 | 97.29878 | 92.9893 | 94.88457 | 98.169724

Table 11: Training F-Score

Testing F-Score (%)
Data | SCQSVM RFSPM EASO CLSLO ECRLRFLMS
3 95.813667 | 96.51524 | 92.42884 | 94.06493 | 97.650436
6 95.641357 | 96.44462 | 92.67693 | 94.36563 | 97.486145
9 95.815903 | 96.55234 | 92.77175 | 94.21375 | 97.419205
12 95.225037 | 96.92043 | 91.81335 | 94.20947 | 97.474304
15 95.584076 | 96.25963 | 92.38838 | 93.89715 | 97.49102
18 95.894272 | 96.23374 | 91.78509 | 93.9656 97.271553
21 95.823242 | 97.14037 | 92.45023 | 93.89098 | 97.545708
24 96.232811 | 96.66084 | 92.46317 | 93.71489 | 97.738503
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27 95.550522 | 96.70355 | 92.25401 | 94.18381 | 97.457703
30 95.575012 | 96.44458 | 92.10909 | 94.39287 | 97.539841

Table 12: Testing F-Score

The training F-Score values demonstrate each
model's ability to balance precision and sensitivity
across increasing data volumes. SCQSVM and
EASO begin near 12% and improve to 96.54% and
92.98%, respectively, by the final training level.
RFSPM and CLSLO achieve stronger
reaching 97.29% and 94.88%.
ECRLRFLMS consistently outperforms all models,

results,
The proposed

reaching 98.16% at 70 units and maintaining
higher F-Scores at intermediate stages, such as
86.19% at 35 units and 92.30% at 49 units. This
reflects its robustness in minimizing both false
positives and false negatives, which is vital for
accurate learner classification in LMS applications.

Graph: [Testing] FScore (%)

The testing F-Score results show consistent and
strong performance across all models. SCQSVM
and EASO vyield scores between 92.10% and
95.89%, while RFSPM and CLSLO reach up to
97.14% and 94.39%. ECRLRFLMS again
peaking at 97.73% and maintaining values above

leads,

97.27% across all test sizes. This demonstrates its

generalization capability and balanced
classification, which are essential for reliable
prediction, timely support, and effective decision-
making within educational systems. The testing

phase F-score graph is plotted as Figure 7.
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Figure 7: Testing F-Score

Conclusion

The proposed ECRLRFLMS framework, integrating
a Customized Random Forest, a Legacy Recurrent
Neural Network, and a Fuzzy Learning Method
Selector, has demonstrated superior performance
across all key evaluation metrics, including
accuracy, precision, sensitivity, specificity, and F-

Score. Results from both training and testing

phases confirm its robustness in reducing
misclassifications and delivering balanced, high-
quality predictions. Compared to traditional
classifiers and ensemble techniques, the model
consistently outperforms alternatives, making it a
reliable solution for learner profiling and adaptive
decision-making within Learning Management
Systems. Moving forward, future research may

focus on incorporating dynamic fuzzy adaptation,
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deploying the model in real-time cloud-based LMS
platforms, and exploring meta-learning strategies
to enhance the model’s capacity to generalize
across diverse educational contexts and evolving
learner behaviors.
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